Socio-physical analytics: Challenges & opportunities by MISRA, Archan et al.
Singapore Management University
Institutional Knowledge at Singapore Management University
Research Collection School Of Information Systems School of Information Systems
6-2014
Socio-physical analytics: Challenges &
opportunities
Archan MISRA
Singapore Management University, archanm@smu.edu.sg
Kasthuri JAYARAJAH
Singapore Management University, kasthurij.2014@phdis.smu.edu.sg
Shriguru NAYAK
Singapore Management University, shrigurun@smu.edu.sg
Philips Kokoh PRASETYO
Singapore Management University, pprasetyo@smu.edu.sg
Ee-peng LIM
Singapore Management University, eplim@smu.edu.sg
DOI: https://doi.org/10.1145/2611264.2611265
Follow this and additional works at: https://ink.library.smu.edu.sg/sis_research
Part of the Databases and Information Systems Commons, Social Media Commons, and the
Software Engineering Commons
This Conference Proceeding Article is brought to you for free and open access by the School of Information Systems at Institutional Knowledge at
Singapore Management University. It has been accepted for inclusion in Research Collection School Of Information Systems by an authorized
administrator of Institutional Knowledge at Singapore Management University. For more information, please email libIR@smu.edu.sg.
Citation
MISRA, Archan; JAYARAJAH, Kasthuri; NAYAK, Shriguru; PRASETYO, Philips Kokoh; and Ee-peng LIM. Socio-physical analytics:
Challenges & opportunities. (2014). WPA '14: Proceedings of the 2014 Workshop on Physical Analytics, Bretton Woods, New Hampshire,
June 16. 19-24. Research Collection School Of Information Systems.
Available at: https://ink.library.smu.edu.sg/sis_research/3637
Socio-Physical Analytics: Challenges & Opportunities
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Singapore Management University
ABSTRACT
In this paper, we argue for expanded research into an area called
Socio-Physical Analytics, that focuses on combining the behavioral
insight gained from mobile-sensing based monitoring of physical
behavior with the inter-personal relationships and preferences de-
duced from online social networks. We highlight some of the re-
search challenges in combining these heterogeneous data sources
and then describe some examples of our ongoing work (based on
real-world data being collected at SMU) that illustrate two aspects
of socio-physical analytics: (a) how additional demographic and
online analytics based attributes can potentially provide better in-
sights into the preferences and behaviors of individuals or groups
(in terms of movement prediction and understanding of physical
vs. online interactions), and (b) how online and physical interac-
tions can help us discover latent characteristics of physical spaces
and entities.
Categories and Subject Descriptors
H.3.4 [Systems and Software]: Information Networks
Keywords
mobile sensing; information fusion; social media analytics
1. INTRODUCTION
Mobile sensing research over the past decade has principally fo-
cused on accurately recognizing the physical characteristics of user
activities, such as where an individual is (exemplified by the active
research on indoor location tracking), and what physical activity
she is performing (exemplified by research on low and high-level
activity recognition). In our view, especially in dense urban cen-
ters such as Singapore, where users spend a significant part of their
daily lives in indoor public spaces (such as malls, subway stations,
airports and university campuses), such location/movement and ac-
tivity traces embody something more fundamental: they carry la-
tent insights about the semantics of activities and preferences of
the individuals, their relationships with one another and the space
they inhabit. For example, instead of just inferring that a “group
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of 5 people are sitting in a campus coffee shop”, the sensing data
can conceivably be used to infer deeper semantic contexts–such as
why they were sitting (e.g., to have a quick bite to eat, to discuss
some class project or to plan for an upcoming musical event), and
what/when they were likely to do next (e.g., go to class together in
5 mins, head to the gym separately in 20 mins, etc.).
Our key contention is that such deeper analytics-driven under-
standing will, however, only be possible if the captured traces of
such mobility and sensor data can be judiciously fused with the dra-
matic recent advances in social media sensing & analytics. How-
ever, such fusion is not simply a matter of getting access, or com-
bining at an individual-level, multiple mobile and online-sensing
based data; a new class of analytics tools is needed to (a) handle
the diverse characteristics of data generated from mobile and online
sensing, as well as the differences in human interaction between the
online and the physical worlds, and (b) support more scalable, real-
time processing when fusing tens of thousands of such disparate
mobile and online data streams.
Accordingly, in this paper, we articulate a research agenda for
a field we call Socio-Physical Analytics, which focuses on real-
time extraction of deeper individual and group-level insights from a
combination of (a) mobile-generated ‘sensor’ data (capturing phys-
ical activity characteristics), (b) varying levels of demographic at-
tributes (either captured directly or inferred via social media sens-
ing) and (c) social media-generated ‘online’ data. Our research ef-
forts are specially oriented towards densely-occupied, indoor pub-
lic spaces, which possess a set of distinct characteristics that makes
it different from prior research focusing on city-scale insights (e.g., [1])
generated from outdoor movement data traces. An important goal
of ours is to direct the research communities’ attention towards ef-
forts for better information fusion and discovery from the existing
diverse data sources–in many practical cases of interest, the power
of longitudinal and multi-modal observations can adequately com-
pensate for existing inaccuracies in mobile sensing (e.g., errors in
indoor localization).
To articulate this research agenda, we shall first discuss some of
the general characteristics of the “Socio-Physical Analytics" prob-
lem space, identifying key research challenges, especially as they
relate to the ability to perform such analytics processing in near-
real time over public space-scale (i.e., tens of thousands of sen-
sor streams) data inputs. We shall then provide early examples of
our work in extracting semantic insights from the combined fusion
of mobile, online and demographic information sources, and show
how the key research challenges are manifested in our work.
2. RELATED WORK
As this paper is intended to articulate a broad research agenda,
we briefly summarize only some of the key trends on mobile and
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online analytics research that relate to our empirical problems dis-
cussed later.
Mobile Sensing & Analytics: Mobile sensing and analytics has
been characterized by a progressive migration from sensing (e.g.,
Jigsaw [2]) of low-level activities (such as walking or cycling), to
progressively higher semantic activities (such as shopping or queu-
ing). While articulating a similar vision of combining social me-
dia and mobile sensing data, the SocialFusion system [3] focuses
mostly on deriving more detailed individual-level context informa-
tion, and not so much on capturing or understanding interrelated
human behavior.
Movement Models and Characterization: Approaches such as
[4] have taken into account location semantics (such as home vs.
office) and social relationships for outdoor movement prediction.
Indoor movement models have been largely statistical (e.g., [5]),
and do not take into account deeper social ties among multiple par-
ticipants. Recently suggested location prediction models (e.g., [6])
exploit correlations over the movement of other individuals, but
without considering the type and multi-modal nature of inter-personal
relationships.
Online Relationship Mining: The recent research on online so-
cial networks has focused on problems such as structural character-
ization (e.g., [7]) or distinguishing weak ties from strong ties [8].
While social ties can be observed online, the combined use of so-
cial media and physical world interactions to infer deeper relation-
ships (especially using the fine-grained behavioral insight captured
through physical sensing) has not been extensively addressed. For
example, the arrival pattern at a restaurant may provide fine-grained
insight into the relationship asymmetry between two individuals.
3. SMU DATASETS FOR PHYSICAL & ON-
LINE ANALYTICS
Before detailing the research agenda, we briefly describe the ex-
perimental testbed and analytics systems that provide preliminary
data for our early research experiences.
The location and demographic data related to the behavior of in-
dividuals in indoor public spaces is collected using SMU’s Live-
Labs testbed [9]. LiveLabs is a large-scale testbed effort, with
deployments planned in several public spaces, with the goal of
collecting and inferring deep-context in near-real time from thou-
sands of users, to enable real world experimentation with context-
aware mobile applications and services. As part of this operation,
LiveLabs has collected indoor location traces (using server-side RF
measurements) of all mobile devices (from over 8000 students and
1000 staff members) that attach to the campus Wi-Fi network at
SMU since September, 2013; the location readings are obtained ev-
ery 2-3 minutes with approx. 8 - 10 m accuracy. Moreover, about
800 out of 2000+ opted-in LiveLabs participants have provided
an extended set of demographic information, such as the school,
year of study, and gender–the results presented here involve data
from 828 students (450 males, 378 females) from all of SMU’s six
schools and spanning all 4 years of undergraduate study.
A parallel research effort under the joint SMU-CMU Living An-
alytics Research Center (LARC) has developed the Palanteer sys-
tem [10]: a suite of real-time social media search and analytics
tools that gathers Twitter and Foursquare feed data generated by
about 150K and 200K active users in Singapore. The analytics ca-
pabilities of these tools include a less-than-five minutes delay in
indexing tweets and check-in’s, classification of online and off-line
friendships, automated extraction of key-phrases from tweet con-
tent and detection of emerging events reported by the user commu-
nity. Additionally, the researchers have developed an efficient prob-
Figure 1: Network linkage (across Twitter & Foursquare)
abilistic network linkage tool, which utilizes common patterns of
interactions in the Twitter and Foursquares network to identify the
common individuals (but with distinct IDs) across these networks.
Figure 1 shows a visualization of the so-called “ego-networks” of
a matched Twitter-Foursquare user pair.
4. RESEARCH CHALLENGES
We hypothesize that the combination of mobile sensing-based
physical context and social media-based online context will pro-
vide capabilities for far richer and deeper understanding of human
activities and preferences. As a single, easy-to-understand illustra-
tion of our socio-physical analytics vision, consider this example:
A well-known pop music star stops by for a surprise campus visit
on a Thursday. An analysis of the resulting tweets (by the Palanteer
system) generated in the vicinity of the campus can help us discover
this unexpected event, as well as additional metadata, such as the
(start,end) times and the on-campus location of the star’s visit. On
the other hand, analysis of the physical movement traces of the
campus inhabitants can reveal, for example, that person A was a
member of an ad-hoc group (consisting of A and three other group
members who are part of the university’s pop music club) that re-
mained stationary (in the same campus location that the pop star
visited) during the bulk of this visit period. Moreover, historical
data does not show this group as spending time together on past
Thursdays at that time.
From these facts, we can, with strong likelihood, infer that indi-
vidual A and her friends were together that Thursday to follow the
pop star–revealing not just individual-level activities, but also illu-
minating their inter-personal relationships.
4.1 Key Research Challenges
Combining the analytics insight from the mobile-sensing based
world of physical activities and the social media-based world of
online content generation and distribution requires us to address
several key challenges.
Multi-Modal Networks and Heterogeneity: Users interact and
build social ties in both physical and online-worlds. Other than
user-user interactions, users also interact with other entities (some-
times known as foci), such as having meals at restaurants, attend-
ing schools and shopping at retail stores. Users, entities and their
multiple forms of relationships and interactions can be modeled as
multi-modal networks, instead of the familiar social network rep-
resentation that only captures social ties among nodes of the same
kind. Researchers have recently begun to study social-affiliation
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networks, a specialized type of multi-modal networks consisting of
both user and entity nodes with social ties between users and adop-
tion ties between users and entities. However, such multi-modal
networks become even more complex when we consider interac-
tions between users in the physical world.
Figure 2: A multi-modal network representation of socio-
physical groups
There are several sub-challenges associated with these multi-
modal networks. Firstly, there is much room to empirically study
and discover new properties for these networks (small world, power
law degree distribution and other well known properties of uni-
modal social networks may not always hold in this new network
genre), and utilize such properties for better discovery of inter-
actions among users. Related to the above challenge at the net-
work level is the research challenge of studying behaviors at the
user level in multi-modal networks, as users can have multiple per-
sonas in the physical and online worlds. Such personas can also
be time-varying. For example, a student may spend much more
time browsing his online course materials than visiting pubs dur-
ing the examination period. This behavior pattern may completely
reverse after the examination. Learning a user’s behavior patterns
(and their inter-relationships) in multi-modal networks is therefore
an interesting challenge.
Moreover, when defining links between online entities and phys-
ical spaces in multi-modal networks, research is needed to define
and utilize appropriate associations among these interaction rela-
tionships. Examples of such associations will need to capture both
complementary (e.g., searching for restaurants on the mobile Web
and dining at a restaurant in the mall) and competing (e.g., play-
ing games online while attending a physical lecture on campus)
interactions–something that has not been considered till date.
Dynamic and Multi-Time Scale Relationships: In the online world,
social connections between individuals and user interests are typ-
ically stable and evolve over different time-scales. For example,
while the list of friends in one’s mobile phone contact list certainly
evolves, it does so on time scales of days or weeks. There are, of
course, exceptions: our studies do show that some Twitter users
adopt new hashtags and de-adopt them within 24 hours [11], espe-
cially related to large live events. Accordingly, slow evolving user
properties (such as the number of friends, or cliques in a contact
graph, and preferences) are often pre-computed offline and updated
with long time intervals. Relationships in the physical world and
event oriented user interests can be much more dynamic, evolving
at much smaller time-scales. For example, an individual can be part
of both certain repeating groups (e.g, a study group that meets twice
every week during a semester) that have long-term stability, as well
as other more dynamic and transient groups (e.g., a group of vol-
unteers who interact extensively during a 2-day event). Clearly, in
such cases, properties of a contact graph need to be computed (or
updated) more dynamically. Note that even slow-timescale prop-
erties in the social world may impact the insights obtained from
faster-timescale physical world behavior. As an example, Figure 2
illustrates the problem of group detection: while analysis of trav-
eling companions in the physical world may provide initial can-
didates for dynamic groups, the inclusion of online relationship-
based linkages may significantly increase the confidence of such
group detection.
A central concept in inter-personal relationships is the notion of
the strength of ties. In typical online social media-based networks,
tie strength is typically based on the intensity of interactions ob-
served over a longer period (e.g., a week or a month). On the other
hand, for the dynamic physical groups, strong ties may hold for
relatively short durations of intense interactions between two users
(e.g., during a 2-day event they’re co-organizing), whereas weaker
ties may remain stable over longer durations. A particularly inter-
esting open problem relates to ways to define multi-temporal scale
metrics for expressing such strength of ties. Note that, our very pre-
liminary analysis of results (discussed later in Section 5.2) indicates
that online and physical-world interactions may be distinct. Signifi-
cant new research is thus needed to determine the best way to com-
bine effects from tie-strengths from multiple physical and online
social media-based interactions. For example, to alert an individual
about some new content (either online content or information about
some physical event on the campus), should we lay more emphasis
on the consumption patterns/interests of the more stable “friends”
in the online world, or the more-fleeting-but-intense “peers” in the
physical world?
Real-time Multi-modal Analytics: The rise of socio-physical an-
alytics also often accelerates the latency requirements associated
with the analytics processing. Currently, most of the social media-
based analytics infrastructures (including the Palanteer system at
LARC) employ a batched, quasi-offline processing paradigm (uti-
lizing processing platforms such as Hadoop). In contrast, most
mobile sensing analytics for activity recognition is performed on
a per-individual basis in “real-time” (with latencies on the order of
tens of seconds), utilizing large-scale stream processing platforms
(such as IBM InfoSphere Streams).
For socio-physical analytics, however, the processing is no longer
confined to data streams of a single type (or connected by a uni-
modal graph relationship). There exists substantial evidence (e.g., [12])
that implementing stream processing algorithms for low-latency
processing of multi-modal data streams is a non-trivial process, re-
quiring careful design of the data processing pipeline and involving
tradeoffs between the accuracy/comprehensiveness of the process-
ing of results and the input load. For many examples of physical
analytics (such as providing more intelligent context-aware recom-
mendations to LiveLabs participants in shopping malls and the air-
port), the processing latency has to remain relatively low (e.g., 10-
15 secs), while handling non-negligible numbers of data streams
(the SMU campus can have location data from over 12,000 devices
simultaneously, whereas our target airport has over 120,000 visitors
on a typical day).
5. EARLY EXAMPLES OF ANALYTICS
We now describe 3 distinct analytics problems that we are cur-
rently addressing. These problems have a common theme of aug-
menting mobile sensing-based physical location/movement data with
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additional demographic or semantic label data to derive deeper in-
sights into the behavior of individuals in public spaces.
5.1 Movement Models and Prediction
In this research problem, our goal is to try and build better indoor
mobility models for individuals, and use this to predict features
such as the likely residency time in the current location and the next
location to be visited. Clearly, such predictions are important for
a whole variety of context-enabled applications (e.g., recommen-
dation systems for stores and restaurants in shopping malls). Ex-
isting models of indoor movement do not explore in detail if such
movement is affected by other online or demographic attributes–for
example, by the relationships between a group of people moving
together. To explore such possibilities, we have studied the move-
ment data collected on the LiveLabs@SMU testbed for the influ-
ence of two additional attributes–(i) the size of the current group
to which an individual belongs, and (ii) the year of study and/or
gender of the individual. In particular, we detected traveling com-
panions [13] from daily location traces (using a technique that was
externally validated using movement traces of 154 users) and ob-
served (1) the distribution of stay times at “places", and (2) the
distribution of “next places" visited as functions of the group size.
Movement Behavior: Figure 3 shows the CDF of the number of
popular locations visited by individuals and groups on one of the
busiest days on campus. We see that nearly 70% of all individuals
visited more than three distinct on-campus locations, whereas most
groups sized 2, 3 and 4 visited at most three locations. We also
see that larger groups (with more than 4 members) visited at most
two locations. For our campus environment, our intuition is that
individuals exhibit a propensity to be resident at a specific location
for a shorter period of time, whereas larger groups tend to spend
longer times at fewer number of locations. Of course, this behav-
ior may be venue dependent–e.g., airports may have highly-mobile
large tour groups.
Next Place Prediction: We also studied the transition probabilities
of individuals vs. groups of different sizes (2, 3 and 4) in terms of
the semantics of the next place they visit (such as a class room, a
meeting room, a common area) after leaving the central food court
on the campus. Table 1 shows the results of the paired t-test be-
tween these transition probability distributions for individuals vs.
different-sized groups, revealing that there is a clear statistical dif-
ference between the transition behavior of individuals vs. groups,
with the difference becoming more significant with larger group
sizes. Similar studies show that gender, on the other hand, does not
play as significant a discriminatory role (t-test values of males vs.
females was 0˜.43), whereas the ‘year of study’ turned out to be sig-
nificant in the case of 3rd vs. 4th year students. While our results
are essentially statistical (and do not provide any evidence that such
attributes cause the resulting differences in transition probabilities),
these findings show that individual-level attributes may not always
be sufficient for understanding physical-world human behavior.
Individuals 2-members 3-members 4-members
Individuals - 8.28E-04 2.37E-08 3.95E-13
2-members 5.70E-04 - 9.43E-06 6.72E-09
3-members 4.45E-08 9.41E-06 - 3.70E-02
4-members 1.03E-13 9.53E-09 3.66E-02 -
Table 1: Student’s paired t-test probabilities between distribu-
tions of “next places" from food court
While preliminary, these results suggest that it is important to
develop more “demographics and social relationship”-aware move-
ment models for better prediction of indoor movement behavior;
accordingly, this is an active part of our own socio-physical analyt-
ics research agenda.
5.2 Online vs. Offline “Friendships”
The problem of distinguishing between online relationships (tra-
ditionally derived through mining of social network interaction data)
and physical world (offline) relationships is one of deep interest to
social scientists and behavioral experimenters. We have thus been
conducting investigations into whether an “online friend is an on-
campus friend as well?”, or not. To study such properties, albeit
in a preliminary and inconclusive fashion, we created two types
of implied social relationships: (i) We extracted a dataset of 32
LiveLabs@SMU participants who provide “phone contact list” in-
formation, resulting in 112 pairs of asymmetric “contact pairs".
(ii) Separately, we had information from 48 students who were re-
ferred by other LiveLabs participants through a “referral program”;
we call such pairs as “friend pairs”, based on the assumption that
referrals implied friendship.
Figures 4 and 5 show the CDFs for amount of time for which the
“contact pairs” and “friend pairs” were detected together as travel-
ing companions (indicating that they were interacting in the physi-
cal world as well), respectively, on one of the busiest days (8th Jan-
uary, 2014). The figures also show the amount of time the students
spent alone, and the amount of time they spent with students who
were neither their contacts, nor their friends. Here, the x-axis cor-
responds to the time spent alone or with a contact/friend, or with
others, as a percentage of the total time for which a student was
spotted on that day. From Figure 4, we see that less than 20% stu-
dents in our sample spent more than 70% of their time on-campus
unaccompanied. Also, about 20% of the students spent more than
80% of their time in groups with students who were not on their
contact lists. Surprisingly, almost all of the students spent less than
5% of their time on campus with their contacts (who are LiveLabs
participants as well). On the contrary, in Figure 5, we see that at
least 10% of the students spent more than 10% of their time with
their friends. In fact, at least 5% of the students spent between 35
- 85% of their time with their friends.
Note that, in either case, a significant fraction of the time was
spent with “others” (as our observations were limited to only those
who received referrals or the contacts who are themselves LiveLabs
participants, it is certainly possible (and in fact likely) that many of
those other individuals could also be friends or ‘contacts’). While
our results are not quantitatively conclusive, they do suggest that
there may be differences between ‘online ties’ (at least as repre-
sented through contact lists) and ‘offline ties’ (represented by the
amount of time spent collocated on the campus). Using advanced
versions of the network linkage tool (see Section 3), it may become
possible to link identities across the online and physical worlds re-
vealing more ground truth links, thus obviating the need for com-
plete contact lists. Further, when the social media identities of the
LiveLabs participants become available in future, the study can be
extended to utilize the richer “online ties” as well. As mentioned
before, the temporal dynamics of the relationships (did two peo-
ple spend 1 hour at a stretch together, or did they meet 6 times for
10 minutes each?) may be another important factor in modeling
their ‘strength of ties’. Developing better multi-modal (and multi-
timescale) models of relationships between individuals is thus a key
goal of our own research.
5.3 Semantic Labeling of Spaces
In this research thread, we seek to obtain deeper and organic
understanding of the characteristics of various places, by discov-
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Figure 3: CDF of no. of popular locations
Figure 4: CDF of time spent together be-
tween contact pairs
Figure 5: CDF of time spent together be-
tween referral (friend) pairs
ering their “semantic labels” (such as different informal activities
conducted at various campus locations). As a first step, LARC re-
searchers have used geo-coded tweets to determine characteristics
of various places in Singapore. More specifically, the geo-coded
tweets were mined to discover latent topics, which were then asso-
ciated with corresponding places located within a 200m radius of
the tweet’s location, thereby enabling us to discover user sentiments
and activities related to specific establishments (such as stores and
schools). Going forward, we are now working to take additional ad-
vantage of physical movement patterns and behavior, as extracted
from mobile sensing data.
Very specifically, in the SMU campus, we are additionally utiliz-
ing residency/movement patterns of groups and individuals to un-
cover the likely informal activities conducted at various on-campus
locations. Our core insight is to look for similar socio-temporal pat-
terns of visits (i.e., visits by the same group of individuals at around
the same times on different days) to different places (some of which
have a-priori activity labels formally assigned, while others don’t),
to discover likely similarities between activities conducted at dif-
ferent place pairs. As a simple example, if users A, B and C visit
the Cafeteria as a group (with a formal label of “lunch”) four days
a week between 12-12:30pm, and also visit the Library on the other
weekday from 12:15-12:40pm, one may suspect that the group is
having lunch in the library (while perhaps studying together), pro-
vided that the group members did not also visit the cafeteria around
that time. A large set of similar observations might then lead us to
associate the informal activity of “lunch” with the Library.
Formally, this approach may be codified through a graph-based
representation (see Figure 6) where the vertices denote the differ-
ent on-campus locations, each with a set of formal Activity labels.
The edges are then formed and weighed based on socio-temporal
similarity metrics (e.g., a group G1 may associate a directed label
with weight 0.2 between Cafeteria and Library if the group is ob-
served to visit the Library with an average frequency that is 1/4th of
their Cafeteria visits at similar times). Finally, novel weighted la-
bel propagation algorithms are applied over this multi-modal phys-
ical activity-based graph (with different groups assigning different
weights and labels to the corresponding edge) to probabilistically
infer the evolving set of informal activities at different locations.
While our results are preliminary but encouraging, our research il-
lustrates the necessity, of developing an ingenious mix of online (in
this case, the label propagation technique) and physical analytics
techniques, to derive deeper insights from such multi-modal data.
Figure 6: Discovery of uses of spaces
6. CONCLUSION
We have articulated a vision of Socio-Physical Analytics, which
seeks to extract deeper semantic insights about people’s activities
and use of public spaces by fusing physical activity analytics (via
mobile sensing) with demographic data and online analytics (via
social media sensing). We presented 3 ongoing research activities
that illustrate how such combined sensing can foster better physical
activity models (specifically, movement prediction), enable better
understanding of inter-personal ties (specifically, online vs. phys-
ical world interaction) and support better understanding of infor-
mal space usage, situating these specific activities in the context of
a broader set of research challenges. A key take-away here is the
need for deeper interaction and inter-disciplinary research spanning
the mobile sensing and online analytics communities.
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